ABSTRACT Falling is one of the major health threats to the independent living of elders, and falling has received much attention in academia and industry over the past two decades. Previous fall detection methods either require specialized hardware or invade people's daily lives. These limitations make it difficult to widely deploy fall detection systems in houses. On the other hand, a long static case is also one of the health threats to the elderly; these cases indicate that something is abnormal. In this paper, we present the design and implementation of a motion detection system based on passive radio frequency identification tags. The key finding is that static, regular action, and sudden falls make an impact on the RSS and Doppler frequency values differently. Such features help us to detect the status of the elderly. A wavelet transform is used to preprocess the signal data, and a support vector machine is adopted to improve the accuracy of the fall detection. We implemented a prototype monitoring system called TagCare and conducted extensive experiments to demonstrate the accuracy and efficiency of TagCare in movement detection and fall behavior identification for the elderly.
I. INTRODUCTION
Falling is one of the main health threats to the independent living of elders (aged 65 years and older) [1] . Falling occurs when the human body suddenly changes from a normal status to reclining without control [2] , [3] . Falling is quite common among the elderly, and the rate of falls in seniors is rapidly increasing [4] , [5] . According to the Centers for Disease Control and Prevention, one-third of adults aged 65 and older fall each year [6] . In the action of a fall, many injuries can occur, including internal bleeding, bruises, and bone fractures. In the worst case, a person could die because of a sudden fall. The longer the time that a person lies on the ground, the more severe the hurt will be. Studies have indicated that the treatment effect of a fall is mainly dependent on the response and rescue time. A delay in medical treatment can increase the mortality risk, especially for those elderly people who live alone. Falls not only bring a threat to people's health but also account for a large part of the medical costs worldwide [7] .
At the same time, if the elderly stay in a long-term stationary state, it is not good news. She or he might feel uncomfortable or even be in some type of danger. This situation is equally worthy of our attention.
All of these cases show the importance of having an automatic status detection system to be deployed in a living environment.
Over the past two decades, fall detection systems using various techniques have been proposed and studied. The current prototypes can be broadly classified as wearable [8] - [12] and nonwearable [13] - [25] . Nonwearable systems are more acceptable to the elderly because they are nonobtrusive.
Both wearable sensor [8] - [10] and smartphone [11] , [12] fall detection systems can be regarded as wearable methods. The wearable sensor can employ sensors such as accelerators to sense the acceleration or velocity on three axes. Sensors are widely used in activity detection. However, carrying sensors or smartphones is an inconvenience, and it is impossible for people to take these devices with them all of the time.
Nonwearable prototypes can be categorized into four classes: ambient device based, Wifi based, vision based and radio frequency identification (RFID) based. Nevertheless, these solutions are either too complex or not accurate enough to meet the requirements.
Ambient device-based fall detection systems [13] - [15] make use of ambient noise, such as vision, audio, and floor vibrations, which are caused by fall activity. In these prototypes, specific devices (e.g., microphones) must be fixed in the living environment. However, the sounds of other things around the elderly cause a significant number of false alarms.
Wifi-based fall detection systems [16] employ phase or RSSI to monitor the elderly's behaviors. Such a system is easy to deploy and does not require extra hardware. Nevertheless, the commercial network card does not support the output of the signal parameters, and the accuracy of this system is not sufficiently high.
A vision-based fall detection system [17] - [21] is a type of conventional nonobtrusive fall detection system. These systems employ image processing techniques to detect falls, which are based on a series of images recorded by a camera. The results of the image analysis can efficiently identify a human fall. Nevertheless, a visual-based system cannot work in a dark environment. Furthermore, installing a camera involves privacy invasion.
An RFID-based fall detection system [22] - [26] adopts the characteristic parameter of RF, such as the RSS (Received Signal Strength), signal phase and Doppler frequency value (DFV). However, the authors used special equipment, not Commercial Off-The-Shelf devices, and the accuracy is not sufficiently high.
Many fall detection systems have been proposed and studied; however, few of them have been used in real living settings. Thus, falls are still one of the chief threats to elderly who live alone. Inspired by this circumstance and the prolific development of RFID techniques [27] , we propose an automatic fall detection prototype using passive RFID.
Considering the long static state of the elderly, as far as we know, there are few researchers who have paid attention to the harmfulness of this problem. However, this status is indeed a serious threat to the elderly.
In this paper, we exploit the feasibility of using passive RFID tags to achieve static state detection and fall identification. To the best of our knowledge, this study is the first work to leverage the Doppler frequency value for fall detection based on simple passive RFID tags. We summarize our contributions in this study as follows:
• We first propose a passive tag-based fall detection system using the Doppler frequency value. We model fall behaviors on concrete problems and solve them using RFID.
• We use a Commercial Off-The-Shelf (COTS) reader, similar to the Impinj Speedway Revolution Reader, in our system design and implementation. Such a choice will facilitate the popularity of the system.
• According to the different characteristics of the RSS and Doppler effect values, we use RSS to detect the static state of the elderly and to distinguish a fall action from movement using the Doppler effect value. We process the RF signal with a Wavelet Transform (WT) to filter the ambient noise, and we adopt machine learning to identify the fall behavior of the elderly.
• We implement a prototype of TagCare and conduct extensive experiments. Experimental results show that TagCare can achieve a high accuracy for customer behavior identification in real environments. The remainder of this paper is organized as follows. Section 3 introduces the theoretical background of the RFID technique, the basis of the WT, and the signal parameters selection. Section 4 proposes our solutions, including the system design, static state detection, and fall action identification. Section 5 presents our experimental results and analysis. Section 6 provides the conclusions.
II. RELATED TECHNICAL BACKGROUND
In this section, we present the related technical background of this study.
A. SIGNAL FEATURES
We briefly introduce some signal characteristics of RFID readers and tag communications. RFIDs use mainly three signal characteristics, namely, the received signal strength, RF signal phase, and Doppler frequency value [28] .
1) RECEIVED SIGNAL STRENGTH
The received signal strength is a metric of the power of a received radio signal. According to the free space model, the power received by a receiver antenna that is separated from a radiating transmitter antenna by a distance d is given by the Friis free space equation [29] .
Due to the two-way radar equation for a monostatic transmitter, Equation 2 provides an estimate of the tag backscatter signal power that is received (P RX , r) by an RFID reader.
where the P TX is a reader that transmits power at the transmit antenna input, G r is the reader antenna gain, G t is the tag antenna gain, T b is a backscatter transmission loss, λ is the carrier wavelength, and d is the distance between the reader and the tag.
From equation (2) , the antenna gain is a constant for selected readers and tags; therefore, apart from any external interference, there is a close relationship between the received power and the distance of the reader and the tag. Thus, the RSS can be measured in the units of dBm and calculated as follows:
where RSS 0 is the initial energy of the reader, and α is a factor of the environment such as a multipath indoor. VOLUME 5, 2017 2) RF SIGNAL PHASE For a given RF carrier wave, the relation between the wavelength and frequency is given by
where c is the velocity of the wave in the communication medium. Under normal conditions, it is equal to the speed of light (3 × 10 8 m/s) in air. The phase is a periodic function with the period of 2π radians in the RF signal; the phase θ can be given by
where d is the range from the transmitter to the receiver. In RFID systems, the total distance traversed by the signal will be 2d. Except for the RF phase rotation in the communication process, the reader's and receiver's transmitter circuits, the tag's reflection characteristic will introduce some extra phase rotations of θ T , θ R and θ TAG . The total phase rotation can be expressed as [30] 
The Doppler frequency value is caused by the relative motion between the reader and the tag. The shift reflects changes in frequency value, which is modeled by We assume that the object moves at a speed v and an angle of α from the receiver, as shown in Fig. 1 .
Let T denote the length of time of a packet. A Doppler frequency value of f Hz introduces a phase rotation over this packet duration, which is given by
By measuring the phase rotation of a packet, the Doppler frequency change value can be calculated as
According to (9) , the approximate range of the Doppler frequency value can be calculated in a certain RFID system. 
B. WAVELET TRANSFORM
The typical application of a Fourier transform (FT) is to analyze the signal in the frequency domain. However, it can extract the frequency information of the function in the whole frequency axis, but it cannot reflect the characteristics of the signal in the local time range. It is not suitable for frequency conversion signals, such as music, seismic signals, or radar echoes.
Compared with the Fourier transform, the Wavelet Transform is a local transform of the time and frequency that has good spatial and frequency domain localization characteristics. Through the function expansion and translation operation, WT can effectively extract information from the signal. Therefore, WT can be applied to nonstationary signals.
The human fall often starts with a sudden movement; then, the person slowly lies on the floor. An RFID reader captures the whole person's activities, including the short duration of the high-frequency signals and the long period of a lowfrequency signal, which makes WT a good choice for the analysis of fall activities.
The continuous WT of a signal f (t) is defined as [23] WT (a, τ )
where ψ is the wavelet function. Here, a is the scale factor; when a > 1, the wavelet is dilated, and in contrast, when a < 1, the wavelet is contracted. Additionally, τ is the translation, and 1/ √ a is the energy normalization factor. Different choices of the wavelet function will yield different WTs.
We use WTs to process the actions of the elderly. The result is shown in Fig. 2 . The actions include walking, sitting down, standing up, lying down, and falling, as well as the static case. Different behaviors have different magnitude values.
C. SIGNAL PARAMETER SELECTION
According to Equation 1, the received signal strength is inversely proportional to the fourth power of the distance. That is, a slight change in distance will lead to dramatic changes of the signal strength. Therefore, the signal strength can be used to detect the behavior of the elderly and determine the elderly in a static state or movement state. According to Equation 7 , the change in the speed of the tag causes the variation in the signal frequency. The active of falling will trigger a sudden change in the speed of the tag and result in significant changes in signal frequency. Therefore, we can utilize the frequency changes to predicate whether the elderly fall. According to the formula 5, the phase of the signal is proportional to the distance. Nevertheless, the phase is a periodic function with a period of 2π radians. In the case of single reader and single tag , it cannot distinguish the variation in the detailed behaviors accurately. Therefore, this system uses the signal strength and frequency to detect the behavior of the elderly.
To verify the above conclusion, we use the single RFID reader and only one RFID tag to collect these three factors in a certain scene. The results are demonstrated in Fig. 3 .
From Fig. 3 , we learn that the received signal strength and the Doppler frequency value can well reflect the changes in the person's motion in the case of only one reader and one RFID tag. For the phase of signal, however, the changes are random and cannot effectively indicate the behavior of the elderly.
Based on the above reasons, this paper uses the received signal strength and the Doppler frequency value to study the changes in the human body movements, to extract static features from the movements and to identify the behavior of a fall.
III. SYSTEM DESIGN A. OVERVIEW OF THE SYSTEM
To detect the human's movements and fall action, we use the RSS and Doppler frequency value. According to Fig. 3 , we know that RSS can identify human movements well. However, it cannot accurately distinguish what type of action occurs, especially for a fall action. The Doppler frequency value will have a noticeable change as the speed increases; consequently, it can accurately identify a fall action because a swift fall action can cause a marked change in speed. The system consists of five main phases: the sensing and data pre-processing phase, static state detection phase, fall identification phase, alarm phase, and feedback phase. The components of the system are illustrated in Fig. 4 .
In the first phase, the reader propagates wireless beacon signals, and the passive tag replies to the reader in a backscatter way. Due to the movement of tag, the RSS and frequency are different from original according to phase and Doppler effect.
RSS and Doppler frequency range and accuracy will be affected by many factors, such as the signal to noise ratio of the received signal, temperature, and humidity, etc. In the receiving RSS and frequency of RFID, the increase of any noise will lead to the raise of the error of RSS and Doppler frequency measurement. In addition, the multipath effects produced by the Non-Line-of-Sight signal transmission will have an adverse impact on the measurement accuracy. Therefore, data filtering techniques are required.
The elderly person's action would not be too fast, so we consider the frequency change because of movement below a fixed value f0. The count of movements per second has rules to follow. We take 2s data out from five scenarios (i.e., static, walking, sitting, sleeping and falling), then do Discrete Stationary Wavelet Transform (SWT), forming a pair of filters, one a high-pass and the other a low-pass. SWT is an online processing that transforms the incoming data sequentially through successive applications of the filters. Through the two filter, we can filter the low-frequency signal and highfrequency signal (such electromagnetic oven). The result is shown in Fig. 5 . From the figure, we can see that the RF signal energy of action data sets concentrates on the frequency below 6.5 Hz, and the distribution of energy from interference data sets is more uniform [0, 16] . However, 6.5 Hz is a good choice to blank off the most impact of interference. This result is in agreement with the results of Fig. 2 .
The second stage is data processing, there are two modules, namely, the long-term static state detection and fall identification. A static body causes no change in the wireless signal in the time domain. If the energy of the RSS is less than of the threshold I 0 , we consider that the elderly is in a static state. If the energy of the RSS is greater than I 0 and less than I 1 , the data were taken out and placed in the next phase, i.e., fall identification. At the same time, sudden falls can cause dramatic changes in the frequency, and the fall motion can thus be identified easily. In this phase, we also define a threshold f thres .
The third stage is the alarm, which is triggered by a long period with no motion or a fall action. When a fall action is detected or the specified static period is exceeded, the application will pop up a warning window. If the elderly person does not need any help, then the alarm can be turned off. Otherwise, if no action is taken during a given period, a message for help will be sent out. In a fall, if the alarm was turned off, then a false alarm message is indicated. The system adds the data to the training data set and then uses SVM for new modeling. Based on this arrangement, a new threshold is obtained.
The final phase, feedback, cooperates with the alarm stage to provide the feedback. According to the feedback, the system parameter can be reconfigured to refine the detection and decision-making algorithms.
For the elderly, we consider five scenarios: static, walking, sitting, sleeping and falling. Both the RSS and Doppler value are collected in these situations.
B. MOTION DETECTION
Here, we use RSS to detect the tag's motion intensity, start time and interval.
In this experiment, the Impinj R420 reader and E9208PCRNF antenna are used, and one Alien tag is selected. We employ one participant to take part in the test, with the RFID tag around his neck. For the first case, we keep the environment as quiet as possible (turn off all of the lights and all of the electrical equipment except for a reader and laptop), to enable the environmental effects to be evaluated. It takes 40 seconds to collect the RSS and Doppler values, while calculating the average Standard Deviation (SD) and Mathematical Expectation (ME). The SD of the RSS is 0.0207 dBm, and the SD of the Doppler value is 0.4375 Hz; this result shows that the RSS and Doppler value are stable in a static case. At the same time, the ME of the RSS is -67 dBm, and the ME of the Doppler value is 0.6435. Considering the slow motion of the elderly, the sampling model is configured to M8 [31] . Fig. 6 shows the RSS value and the Doppler frequency value in the static case. Fig. 7 shows the other actions, including walking, sitting, sleeping and falling. It takes 100 seconds to collect data on the RSS and Doppler. To eliminate the interference factors, we removed the start and end of the 10 seconds. Back-andforth moments occur between 0 seconds and 17 seconds. The first stage is far away from the reader, while the second stage is close to the reader. Sitting down and standing up actions take place twice between 18 seconds and 35 seconds. The peak indicates the action of sitting down, while the peakvalley represents a standing up action. During 36 seconds and 48 seconds, the sleeping action occurs. The first peak indicates falling, and the second peak represents getting up. Falling is the key scenario that we focus on. From 65 seconds to 80 seconds, two falling actions take place. One is toward the RFID reader, and the other is away from the RFID reader. In such a case, suppose that one participant falls suddenly.
However, the time interval between the two reported data for one tag is not equivalent. Hence, data processing is required for the raw data. Hypothesis 1: During a very short time interval, parameter α could be considered to be constant.
In reality, when the interval between two collected data parts is smaller than person action, α could be considered to be a constant. The distance between the antenna and tag can be represented by d = v 0 t. According to (3), we have
where RSS 0 , RSS s , and α are constants. RSS s is the value of the static case, which is a normalized parameter. By adding this value, we can move the average line to the X-axis. Thus, RSS depends on t. Theoretically, the higher the sampling frequency is, the better the processing result. Nevertheless, we want to judge only the person's action, which has a rather low frequency. A 32-Hz sampling frequency is sufficient in the implementation and evaluation of TagCare. To reduce much of the interference from the effects of the surroundings, we give the following definition:
where I m is the motion intensity, and E(f ) is the RSS energy component with the frequency of f after SWT. Here, we give a threshold of I 0 and I 1 . To tag, if I m is between I 0 and I 1 , it could be considered to be an active on, and if I m is less than I 0 , we believe that it is a static case. Hypothesis 2: There is a line-of-sight between the tag and the antenna.
When there is an obstacle between the tag and the antenna, the signal strength will be attenuated. In addition, the degree of attenuation of the signal is discrepant for various objects. For the modeling of obstacles, the influence of the attenuation factors of different objects on the signal strength should be considered and measured in diverse situations. The model in this paper focus on no obstacle and the model with obstacle is our future work. Fig. 7 shows that the change in the RSS is similar in the three cases; in other words, RSS cannot tell the difference among sitting, sleeping and falling. The above phenomenon is easy to understand, and the change in the RSS depends on the distances between the tags and antenna. Falling can cause a change in the distance as well. We will employ the Doppler frequency value to distinguish the three cases in the next section.
C. FALL RECOGNITION
According to equation 7, we know that the Doppler frequency value changes with the velocity. Our method for distinguishing falling from sitting and sleeping is based on the following hypothesis:
Hypothesis 3: For the elderly, the falling speed is much faster than sitting down, standing up, lying down, getting up, and walking. Fig. 1 shows the scene of moving (walking and falling), where M 0 is the original position of a person, and M 1 is the current position. Consider that a person moves at the speed v. The angle between AM 1 and the direction of v is α. Then, the speed along the direction of the signal transmission is v d = v.cos(α). By (7), the Doppler frequency will suffer up and down with changes in the tag's speed.
The change in the Doppler frequency value is shown in Fig. 7 . This figure reveals that falling suffers significant and continuing ups and downs in the subtle period, while the Doppler frequency in the sitting and walking case does not. We adopt the step length of the average absolute Doppler frequency value to state the following difference:
Because a fall often occurs within a 2-second interval, the sampling period can be taken to be 2 seconds, and N is the count of the Doppler frequency reading of the tag within 2 seconds. According to hypothesis 2, we can set a threshold of the Doppler frequency value f thres . We assume that the walking, sitting and sleeping speed of the elderly is not more than v th m/s and that the wavelength λ is approximately 33 cm. The f thres can be calculated based on equation 7.
f thres = 2 × v th 0.33 cos(α) ∼ = 6.06v th × cos (α) <6.06v th (14) Then, we can make a distinction between walking and falling. If h(x) = 1, a falling action occurs. Otherwise, another action occurs.We can also use machine learning methods to verify this conclusion. Here, the Support Vector Machine is adopted. Different signals denote different features when affected by actions. To distinguish a person falling, we adopt the SVM to classify the signals based on the features. In detail, a twoclass SVM is employed in our work, which requires a training data set. All of the collected signals are divided into two classifications and are mapped into a high-dimensional feature space by using a kernel function. This approach discovers the maximum margin hyperplane in the transformed feature space. A linear SVM can be expressed as
where (x 1 ,y 1 ), . . . , (x n ,y n ) are a given training dataset. Here, the y i are either 1 or -1, with each indicating the class to which the point x i belongs. Each x i is a p-dimensional real vector, and w is the normal vector to the hyperplane. The parameter b determines the offset of the hyperplane.
In our experiments, we adopt data that contain different human motions. After filtering the noisy samples, we construct the classification model based on LibSVM.
IV. EXPERIMENTAL RESULTS
This section illustrates the implementation and experimental evaluation of TagCare. First, we describe the experimental settings. Then, we give the ground truth of the experiment. Finally, we analyze the signal properties of different activities and evaluate the performance of TagCare.
A. EXPERIMENTAL SETTING 1) HARDWARE
In our experiments, we use a Speedway Revolution R420 RFID reader with an E9208PCRNF antenna; both are from the manufacturer Impinj. The antenna operates at the frequency of 920.5 MHz, which is the legal UHF band in China. Its maximum power is 30 dBm, and it provides a maximum gain of 8 dBi. The RFID tag used is a unique ''2 × 2'' Alien tag, which operates in the frequency range of 860 ∼ 960 MHz.
2) SOFTWARE
We adopt the C# language to design our TagCare system. It connects to the RFID reader with the LLRP protocol. EPCglobal ratified this protocol in April 2007.
3) THRESHOLD
Meanwhile, four thresholds must be set to guarantee that the system works well. The first threshold is I 0 , which determines whether the elderly individual had a motion or fall action. The second threshold is t 0 , which is a time threshold. If the static period ( t) exceeds t 0 , then an alarm will take place. The third threshold is I 1 , which decides whether to send the data to the next stage. The last threshold is f thres , which decides whether the fall action has occurred.
4) EXPERIMENTAL ENVIRONMENT
We deployed TagCare in a student's dormitory, which is 5.8 m × 3.6 m, as shown in Fig. 8 . The dormitory can estimate one standard living room. The participant has a tag around his neck. The tag is a unique ''2 × 2'' Alien tag, and we make it into a work of art, which is pleasant for the person. There are no requirements for deployment except for a reader and an antenna. However, the reading zone of the antenna should cover all of the test regions.
5) METRICS
We use two metrics to analyze the performance of the TagCare system: the False Positive Rate (FPR) and True Positive Rate (TPR). FPR is called the ratio of the number of false positives to the total number of negative events according to the ground truth, while TPR is the total number of detected true positives divided by the number of real positives according to the ground truth.
6) LIMITATION
When the participant turns his/her back to the antenna, the received signal will be severely attenuated. In this case, the performance of our algorithm will be greatly affected. To verify its performance, we assume that the participant faces to the antenna. The effective angle of E9208PCRNF antenna is about 130 degrees, thus we could use three antennas to achieve full coverage for the test space in the actual deployment.
B. GROUND TRUTH
We perform an experiment over three hours, including the static, walking, sitting down, standing up, lying down, getting up and falling actions. We execute the sitting down action 10 times, the standing up action 10 times, the lying down action 10 times, the getting up action 10 times, the falling action 50 times, and the walking action approximately 20 minutes, and we leave the remaining time static. The ground truth is recorded by hand. We start to record videos of the experiment using a camera when the experiment begins. Then, we analyze the video manually to record the action data, including the action type, start time and end time.
Previously, we conducted experiments one hundred times and set a training data set. The data set includes the following scenes: static states, walking, sitting down, standing up, lying down, getting up, and falling. We format the training data set as required and then import it to LibSVM. The trained model will be used for fall validation.
C. MOTION DETECTION EVALUATION
First, we discuss the static scenario. The effect of the threshold I thres on FPR and TPR is shown in Fig. 9 . Because I thres is less than 2, the value of TPR is as high as 99%. We believe that 2 is a good value for the static detection. Thus, we set I 0 to the value of 2. Second, we focus on the impact of I thres on the fall action. From Fig. 9 , the higher the threshold I thres is, the smaller the number of events that would be detected by the TagCare system is. When I thres changes, the FPR and TPR of the motion detection vary, also. The FPR goes down from 23.2% to 0 as I thres decreases. We can see from Fig. 9 that when I thres is below 10, the precision is more than 96%. However, the accuracy drops rapidly when I thres is more than 12. Thus, we believe that 10 is a good choice for I 1 ; the fall action takes place between 2 and 10.
To verify our conjecture, we sampled some of the data and calculated the mean value of I m , as is shown in Table 1 . This table indicates that different actions have different motion intensities. In the static case, the density of I m is approximately 1. At the same time, the I m of a sudden fall is not more than 10. The results are consistent with Fig. 9 .
According to Table I , the I m of the falling action is greater than the other action. However, if other actions, such as lying down or standing up, occur quickly, then the value of I m will be similar. To solve this problem, we introduce the Doppler frequency value to differentiate the falling action from other actions. We discuss the issue in the next section 
D. ACTION RECOGNITION EVALUATION
In this section, we focus on the accuracy of recognizing falling events and other activities. To take the falling action out, we use f thres , which is defined in section IV. Because f thres is higher, more events are considered to be normal events (i.e., walking, sitting and sleeping), which leads to a lower TPR for falling and a higher FPR for other actions. Fig. 10 plots the TPR and FPR of falling and other actions when f thres ∈ [0, 5]. As can be seen, 2.5 is a good choice for maintaining good accuracy in making a distinction between falling and other motions. The total success rate for the motion events that were identified correctly is 49 out of 50, i.e., 98%.
Taking the same approach as in the previous section, we sampled some of the data and calculated the mean value of the absolute value of the Doppler frequency. The results are shown in Table 2 . The value of a sudden fall was significantly higher than that of the other movements, which inspired us to adopt the Doppler value to distinguish the fall action from other movements.
Finally, we validated the experimental results with a trained SVM model. The results are shown in Fig. 11 .
Here, the red squares represent fall actions, while the blue circles indicate other actions (static state, walking, sitting down and standing up, lying down and getting up). There is a red square above the line; it is a false alarm. The result is consistent with the real situation. 
E. EFFECT OF ANGLE ON DVF AND RSS
By formula 7, the angle will have an effect on the frequency. The velocity can be divided into the parallel direction to the antenna and the perpendicular direction to the antenna. The latter impacts effectively the frequency of the signal. In other words, the greater the angle between the velocity and the light-of-sight is, the less the impact on the frequency is. In addition, the effect is more obvious in the central region than in the marginal region. In order to verify the effect of the angle on the RSS, we performed a series of experiments in different distances and angles. The tag is perpendicular to the line between the tag and the center of a circle. As shown in Fig. 12 ., the distance are 50 cm, 100 cm, 150 cm, 200 cm, 250 cm and 300 cm, and the angle are 0 degrees, 30 degrees, 45 degrees and 60 degrees, separately. According to the results in table 3, the smaller the distance is, the stronger the signal strength is. When the distance is the same, the smaller the angle is, the stronger the signal is. As the increase of the angle, the signal decreases gradually. It is obvious that our experiments agree with the formula 3 fairly.
V. CONCLUSIONS
This paper presents a novel solution for detecting movements and sudden falling of the elderly by using RSS and Doppler frequency. According to RSS, the motion intensity can be measured, and the effects of the environment can be reduced. A sudden change in speed causes notable varying of the Doppler frequency, which can be used to distinguish a falling action from other actions. Through experiments, we obtained three suitable thresholds for improving the accuracy of detection. However, there are two limitations of TagCare thus far. On the one hand, we consider only one person in a family, and there is no obstacle in living environment. In fact, there are usually two elderly people living together. In such a case, the RSS and Doppler frequency could be different from our discussion. On the other hand, the system cannot accurately distinguish the behaviors of the elderly, such as walking, sitting, sleeping and so on. Future work in developing the TagCare system includes overcoming the limitations stated above. 
